Vegetation mapping using field surveys is expensive. Distribution modelling, based on sample surveys, might overcome this challenge. We tested if models trained from sample surveys could be used to predict the distribution of vegetation types in neighbourhood areas, and how reliable the spatial transferability was. We also tested whether we should use ecological dissimilarity or spatial distance to foresee modelling performance. Maximum entropy models were run for three vegetation types based on a vegetation map within a mountain range. Environmental variables were selected backwards, model complexity was kept low. The models are based on points from a small part of each study site, transferred into the entire sites, and then tested for performance. Environmental distance was tested using principle component analysis. All models had high uncorrected AUC values. The ability to predict presences correctly was low. The ability to predict absences correctly was high. The ability to transfer the distribution model depended on environmental distance, not spatial distance.
Introduction
Distribution modelling (DM), with the aim of modelling the potential distribution of a target by relating its distribution to environmental variables (EV), has proliferated during the last decades and is increasingly used for spatial predic-
The main aim for this study was to assess spatial transferability of DMs trained by sample P-O points from survey vegetation maps. More specifically, we set out to analyse the following challenges: Can we use DM, fitted with MaxEnt and trained with P-O points generated from a gridded plot-sample survey, to predict the distribution of vegetation types in neighbourhood areas (areas outside the training plot)? How reliable is the spatial transferability of the DM when confronted with independent evaluation data? How and why are prediction performance decreasing as a response to increasing spatial or ecological distance from training plots (within a spatial domain) when DM is applied? Based on environmental indicators representing areas of similar size as the survey plots, but located at increasing spatial distances, can we in advance (by analyses of the ecological space) detect areas of low DM performance?
Materials and Methods

Study Area
The study area covers 941 km 2 thin and discontinuous layers of glacial till [28] . The alpine-boreal vegetation of the study area reflects the continental climate and the varying altitude [29] . The climatic forest line reach 1200 m a.s.l. [30] , but the north boreal zone appear regularly below approximately 1000 m a.s.l.
Vegetation Map
The vegetation map of the study area was compiled into a seamless map, using results from mapping projects performed between 1980 and 1992 [31] . The guidelines for mapping remained practically unchanged throughout the project period [32] [33] . In the field-guide, there are detailed instructions for a number of difficult aspects [34] . The classification was based on a combination of homogenous species composition, indicator species and vegetation physiognomy.
The mapping was validated with extensive field-work and recently updated using high-resolution orthophotos from 2010. The map includes 28 vegetation types and 7 other land cover types (Appendix 1). The seamless map was converted into raster format of 10 m resolution and joined with a digital elevation model (DEM) of equal resolution.
Vegetation Type Targets
Three vegetation types were chosen as targets; dwarf shrub heaths, tall forb meadows and fens. The choice was based on three requirements; divergent pre-L.Aune-Lundberg, A.Bryn Journal of Geographic Information System valence within the study area (rare, intermediate and widespread), a widespread distribution pattern, and finally divergent ecology related to well-known EVs that proxies can be generated for. Dwarf shrub heath is very common throughout the study area, whereas fen is broadly distributed, but generally with lower prevalence and smaller occurrences. Tall forb meadows are relatively rare and appear scattered along narrow zones.
Study Design
The study area was covered by a grid with primary statistical units (PSU) of 1500 m × 600 m, each covering 0.9 km 2 . This grid is in accordance with the Norwegian area frame survey of land cover and outfield land resources [21] . The three vegetation types were treated independently throughout the study.
For each vegetation type, five sites were randomly positioned within the study area, but restricted to avoid spatial overlap within each targeted vegetation type.
Each site was 10,500 m × 9600 m (100.8 km Presence-absence evaluation data were generated from the vegetation map for each PSU using a grid with a mesh size of 10 × 10 m.
For each model PSU the following data is available: Training P-O points used for modelling, presence-absence (P-A) points used for evaluation, sets of EVs, and a DM based on output from MaxEnt. Except for the training points, similar data sets were prepared for all test PSUs. Each PSU contains a total of 9000 points, attributed with P-A and the characteristics for the EVs.
Environmental Variables (EV)
A DEM, and ten EVs derived from the DEM was used in the study (Table 1) .
The derived EVs were generated in ArcGIS ® 10.1 using Spatial Analysis. These
EVs are widely used in ecological studies [36] , and have been reported as relevant for DM of vegetation types in previous studies [6] [37] . The EVs has a resolution of 10 × 10 m. Aspect was used as an ordinal variable, all the other EVs were continuous.
The EVs were tested for correlation (Pearson's r) and only EVs correlated less than ±0.7 were used in the final DMs (Appendix 3).
L.Aune-Lundberg, A.Bryn ). The vegetation map, used for evaluation, is shown in the background. Inside each of the study sites a model PSU (0.9 km 2 ), containing the given vegetation type, was chosen randomly located in one of the corners (marked with blue). From the model PSU two transects were created along the outer edge of the study sites (marked with arrows). 
Distribution Modelling Method
Maximum entropy modelling (MaxEnt version 3.3.3k, http://www.cs.princeton.edu/~schapire/maxent/) was used in this study. It is described as a machine learning method [38] , but can also be explained as a maximum likelihood method [39] . Based on P-O records of a specific target and EVs for the study area, MaxEnt creates a prediction model for the distribution of the target using the EVs in the presence-cells as auxiliary support [40] [41].
The vegetation types was modelled and extrapolated using common MaxEnt modelling strategies, described for instance in [42] . The default settings were overrode and we strived for models that balanced the contradiction between: 1) a low number of parameters by removing features that resulted in high lambdas, 2) as high training AUC values as possible and 3) as few EVs as needed but without removing variables known to be important for modelling of the vegetation types. The goal was to make parsimonious MaxEnt models suitable for spatial transferability [40] [42].
Based on experiences with the dataset, only linear and quadratic features [14] [38] [41] were allowed. This prevented over-fitted models. Models fit for different number of background samples was compared and the number of background points was set to 1000. The regularization multiplier was set to 0, after testing different options. With just two features and a relatively high number of training points (Table 2) we found this acceptable. Visual inspection of the response curves also indicated smooth curves. For all other settings we used default values.
A backward step-wise selection using the area under the curve values (AUC)
L.Aune-Lundberg, A.Bryn Journal of Geographic Information System [38] , percent contribution of the EVs to the model and jackknife was used to select the included EVs in the final models [39] [43].
The maximum training sensitivity plus specificity, based on the logistic output format [14] , was used as threshold rule for two reasons; to create a vegetation map that provides presence or absence for all locations of all vegetation types [12] [44], and as a part of the model evaluation process. The maximum training sensitivity plus specificity was chosen based on the results from several other studies [7] [45] [46] . All relative probability of predicted presence (RPPP) above the threshold was assumed to be the given vegetation type, and the score of correct classification was calculated based on the presence-absence points.
One MaxEnt model was fitted to each of the fifteen different study sites as described above. The MaxEnt models from the different model PSUs were used for projection (transferability) into the adjacent test areas by means of EVs recorded for the latter area.
Evaluation of the Spatial Transferability
The model output from MaxEnt was evaluated against the P-A evaluation data from the wall-to-wall vegetation map, with the same resolution as the model data from MaxEnt.
The model precision was calculated based on four categories; correct predicted absence, incorrect predicted absence, correct predicted presence and incorrect predicted presence. The accuracy of the MaxEnt models was calculated as the percentage of correct predicted absence and presence against the actual absence and presence. The classification accuracy and error rate was calculated by a confusion matrix using the total number of points inside the four different categories for each of the three different vegetation types.
We tested if the DM could be used to predict absence and presence for the three given vegetation types using the ± standard error interval (SE). The null hypothesis (H0) was that the percentage of each of the four categories used for evaluation of the MaxEnt models was zero.
Potential difference in the accuracy of prediction for absence and presence were tested by the 95% confidence interval (CI) of the difference between correct predicted absence and correct predicted presence.
Ecological Distance
The ecological distance was based on the EVs used in the MaxEnt models for the different study areas (Table 2) . A dissimilarity metrics based on the results from Principal Component Analysis (PCA) [47] was used as a measure for ecological similarity between the test PSUs and the model PSU.
PCA is an indirect ordination method aimed at restructuring complicated data into a manageable format [48] . For PCA we only included EVs used in the MaxEnt model for each vegetation type, and we could not detect convincing arch or horseshoe effects [49] . The different EVs represent units measured on To express the dissimilarity among PSUs provided by the PCAs, we used standard Euclidean dissimilarity and distance metrics [48] .
Evaluation of the Ecological and Spatial Distance
The coherence between the predictions/correct predictions and the ecological and spatial distance was analysed. Spatial distance was set as the Euclidean distance between the midpoint of the model PSU and the midpoint of each of the test PSUs. Ecological distance is described in the above chapter. The correlation between the predicted presence for the three different vegetation types and the ecological and spatial distance was analysed using linear regression analysis. The correct predicted absence and presence data were analysed in the same way.
Results
Descriptions of the Models
A model for each of the different study sites was fitted. Between two and five different EVs were used, see Table 2 for details about the model parameters.
A correlation between the number of training points and the training-AUC value was observed, with a decrease in training-AUC value with an increase in the number of training points (R 2 = 0.69, p = 1.1e−4) (Appendix 4).
The predicted presence of the types varied widely between the PSUs inside the study sites. The mean predicted percentage coverage for dwarf shrub heath was 19% of the study sites, and the mean predicted percentage coverage for tall forb meadow and fen was 26% and 16%, respectively. The amount of predicted presence for the three different vegetation types ranged from 0% to >98% coverage of the test PSUs (Appendix 5).
Evaluation of the Spatial Transferability
The percentage predicted absence verified as correct is high for all the vegetation types; 90.0% for dwarf shrub heath, 96.9% for tall forb meadow and 97.7% for fen. The percentage predicted presence verified as correct is low; 23.4% for dwarf shrub heath, 1.9% for tall forb meadow and 6.1% for fen (Table 3 ; Appendix 6).The classification accuracy based on the confusion matrix varies between 76% and 84% for the three different vegetation types.
The H0 was rejected for correct predicted absences and incorrect predicted presences, but was not rejected for correct predicted presences, e.g. the ±SE included zero. There is a significant difference of the model performance between the correctness of prediction of absence and presence for all the vegetation types.
The 95% CI of the margins between the amounts of correctly predicted absence L.Aune-Lundberg, A.Bryn Journal of Geographic Information System and correctly predicted presence is not close to 0 (Table 3) , but is high for all three types.
Predictions of Vegetation Types vs. Ecological and Spatial Distance
The regression between the amount of predicted presence and ecological and spatial distance is presented in Figure 2 . The relationship for the amount of predicted absence is the opposite of the relationship for the amount of predicted presence.
The general tendency is that the number of predicted presence decreases with increasing ecological distance. The increase of spatial distance on the other hand, does not influence the number of predicted presences. The regression for predicted presence vs ecological distance is significant (p < 0.005) for dwarf shrub heath and fen. However, a tendency for decreasing amount of predicted presence with increasing ecological distance is also seen for tall forb meadow (p = 0.07).
The regression for the number of predicted presence vs. spatial distance is not significant for tall forb meadow and fen. There is a trend (p = 0.02) that the number of predicted presence decrease with increasing distance from the model PSU for dwarf shrub heath.
For the most common type, dwarf shrub heath, the linear regression between the correct classified presences against both the ecological and spatial distance is significant (p < 0.005); with a decrease in the amount of correct classified presence with an increase of ecological or spatial distance (Figure 3 ).
The pattern for correct predicted absence is less clear. It is a trend towards a positive correlation between correct predicted absence and ecological distance (p Journal of Geographic Information System 
Discussion
Spatial Transferability of Vegetation Types Using DM
The distribution models resulted in fairly high training AUC-values. Following
Araújo, Pearson, Thuiller and Erhard [50] , all the resulting DMs should thus be interpreted as having good predictive ability. In an interpolation setting, a random proportion of the P-O points could have been used as a test data set for evaluation of the model [41] . In studies of spatial transferability, i.e. in an extrapolation setting, such testing is not possible, since there are no P-O points in the projected areas. With the lack of evaluation data it is not possible to state anything certain about the transferability of the models, given that training AUC-values only report the ability of a model to explain the distribution of the training points. When confronted with independent P-A evaluation points from the projected neighbourhood areas, the results revealed several important aspects, but first we need to discuss the specific DM design used in this study.
Setting the Scene for Spatial Transferability in DM
Provided that the goal of spatial transferability in DM studies is to project the targets relationship to EVs from an informed area into an uninformed area, it is a prerequisite to avoid model over-fitting [51] . This seems to be a general statement valid also for temporal transferability in DM [52] [53] [54] . Therefore, instead of maximizing the fit to the particular training P-O points of each PSU, we reduced the model fit and complexity. In transferability studies, such choices depend on a priori knowledge with the DM method [14] , the ecology of the target and the environmental variation within the area for projection [27] . In retrospect, given the results of implementing the P-A evaluation points, it is of course unproblematic to acknowledge that changes in for example model fitting or binary threshold rules could have improved the results. However, we have not included any a posteriori corrections according to the results, since the goal was to test the spatial transferability using a real dataset and a realistic departure point for DM, rather than to train for the 'best' modelling setup as an iterative process [55] .
Ecological Dissimilarity-Not Spatial Distance
A fundamental assumption in spatial analysis (sensu lato) is Tobler's first law of geography [56] [57] . A priori, we therefore expected a gradually decreasing DM performance with increasing distance from the training PSUs, in accordance with the results of other studies [e.g. [51] ].
In this study, the overall proportion of predicted presences did not change much with increasing spatial distance (Figure 2 ), but the variation was high. The L.Aune-Lundberg, A.Bryn Journal of Geographic Information System high variation indicate high environmental turnover within and among the PSUs, which was better described by the ecological distance provided by PCA. Thus, instead of defining spatially coherent domain(s) for DM projection at regional-to-global scale [e.g. 51], the ecological dissimilarity within each cell should define ecologically coherent domain(s) (Figure 4) . We recommend excluding all cells that are ecologically too dissimilar compared with the ecology of the training site, regardless of spatial distance.
Elith, Kearney and Phillips [58] warned against using DM in environmental novel areas outside the range of training values by implementing a measure of environmental similarity (MESS). We used the variation along the first two axes of PCA to extract the most structuring environmental novelty, which in DM often is well described by a very limited number of EVs [35] , to evaluate the spatial transferability. The methods have differences, but in our opinion, the strong correlation between correctly predicted cells and ecological distance in our study, strongly supports the warning of Elith et al. [58] and others [59] .
Confronting DMs with Independent P-A Evaluation Data
Confronting the predictions with independent evaluation data reveals that the specificity is high, but the sensitivity is low. The total classification accuracy is relatively high for the three vegetation types (Table 3) , which we judge to be a result of high specificity and large areas with absence of the targets. Given that the DMs identify areas of true absence, it should be a logical consequence that it was also able to identify areas of true presence. However, our results point at the fact that we have a precise modelling of absence, but an un-precise modelling of 
Sources of Error and Uncertainties
Although topographic EVs derived from DEMs have been found to be highly useful for DM studies [1] and have shown to explain the local distribution of some vegetation types [6] [60], they do not represent the entire ecological signature needed to predict the vegetation types in question. In the absence of high resolution climate data, we have used altitude as a collective climate proxy, well aware of the uncertainties related with the use of this confounding EV [61] . We believe the DM presented in this study could have been improved by adding several relevant EVs, such as snow cover, temperature, precipitation (sensu lato), and soil macronutrients. These EVs however, was not available or only available at irrelevant resolution. For the purpose of DM, we acknowledge that several missing EVs could have improved the in situ model fit, but they would most likely not have improved the spatial transferability. The main source of error for spatial transferability of DMs is in our opinion the lack of environmental variation represented by the training P-O points in relation to a more varied environment within the area intended for projection.
The overall results for the three vegetation types were congruent, but some differences were identified. The locally common vegetation type fen performed best of the tested vegetation types. The distribution of fens is clustered, and the total cover is relatively low. Dwarf shrub heath is the most common vegetation type, both in extent and distribution, and the internal variability is high [62] .
The extrapolation of the vegetation type achieved an intermediate result, but was L.Aune-Lundberg, A.Bryn Journal of Geographic Information System more accurately modelled than seen in earlier studies [6] . The locally and overall rare tall forb meadow resulted in the lowest accuracy model, and was largely overestimated. We acknowledge two main reasons for this. First; the vegetation type requires plenty of soil nutrients and moisture [33] . Second; it is a possibility that the vegetation type has too low prevalence to be predicted precisely. Based on only three vegetation types with varying prevalence and ecology, we would warn about drawing too general conclusions.
Practical Implications
In this study we have only tested local transferability of a DM based on sample survey data. The results did not support our initial intention to use the DM framework as a substitute for vegetation mapping, since the models were better at recognizing absences than presences. However, if sample survey data were to be implemented as a practical part of DM for vegetation mapping, presence data from all sampled survey plots would be activated simultaneously. That would imply a shift from DM based on local spatial extrapolation sensu stricto, to DM based on interpolation among plots in the interior of the extent. This alternative approach raises several new research questions that needs to be addressed, such as; are the provided density (or size) of survey plots high enough to represent both the total and the continuously environmental variation of the vegetation types within the extent, and are rare vegetation types clustered in space (non-random distribution) well represented in the gridded sample survey. These questions will have to be accounted for, before any conclusions can be drawn regarding implementation of DM as a method for vegetation mapping based on area frame survey data.
Conclusions
This study has demonstrated several aspects of caution that needs to be handled when DMs of vegetation types, trained with survey data and fitted with MaxEnt, are used for spatial transferability:
• Area frame surveys of vegetation types, where sample plots are assumed to be representative for a larger spatial domain, should be used with caution in transferability studies using DM.
• The training P-O points have to be representative for the environmental variation in the area intended for projection.
• The parameterization, selection of EVs, and model specification will influence the ability to transfer the DM. Based on the low ability to correctly model presences; we believe that under-fitting is influencing the results. It is therefore important to balance the model fit and complexity between the two contrasting goals: to enable a spatial projection of the DM (low model fit), but at the same time, keep a high predictability of presences (high model fit).
• The transferability of the DMs did not depend on the spatial distance, but correlated well with PCA-indicators of ecological distance among the test L.Aune-Lundberg, A.Bryn Journal of Geographic Information System sites. The challenge of DM transferability is therefore not primarily to define a spatial domain, but a matter of defining an ecological domain suitable for spatial projection.
• The reliability of a spatially projected DM can only be addressed thoroughly when tested against independent evaluation data. The training AUC-values from the DMs, did not provide a good estimate of the true modelling performance.
This research was deliberately limited in scope to an examination of data from an existing area frame survey of vegetation types with respect to the spatial transferability of DM fitted with MaxEnt. The focus on the chosen vegetation type data, DM method, EVs and spatial scale however, provides only a certain part of the challenges involved in DM transferability. Nevertheless, as high quality vegetation maps remain a key tool for nature management [43] , and fieldwork mapping is time-consuming and expensive, we need a better understanding of how to model the distribution of vegetation types from existing data, such as area frame surveys [21] . Spatial modelling techniques, such as the DM methods (e.g. MaxEnt), are increasingly accessible to researchers and should be used to explore the potential for modelling the distribution of vegetation types in ar-
eas not yet mapped by traditional methods [6] . 
